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Behavioral biases are known to influence the investment decisions of retail investors.
Indeed, extant research has revealed interesting findings in this regard. However, the
literature on the impact of these biases on millennials' trading activity, particularly
during a health crisis like the COVID‐19 pandemic, as well as the equity re-
commendation intentions of such investors, is limited. The present study addressed
these gaps by investigating the influence of eight behavioral biases: overconfidence and
self‐attribution, over‐optimism, hindsight, representativeness, anchoring, loss aversion,
mental accounting, and herding on the trading activity and recommendation intentions
of millennials during the pandemic. An artificial neural network approach was used to
analyze the data collected from 351 millennial men in Finland. The results revealed that
herding, hindsight, overconfidence and self‐attribution, representativeness, and an-
choring influence both trading activity and recommendation intentions, albeit to
varying extents. Notably, loss aversion and mental accounting influence only the re-
commendation intentions. Furthermore, the relationship of the two endogenous vari-
ables is nonlinear with herding, representativeness, and anchoring but is linear with
other biases. In addition to the quantitative study, we also conducted a post hoc
qualitative study with 19 millennials to evaluate the persistence of behavioral biases
among them through the pandemic.
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1 | INTRODUCTION
Behavioral finance has emerged as a key field of study in the area of
investment management. It examines the rationally inexplicable beha-
vioral aspects of individuals and institutions transacting in financial
markets. An increase in the investment activity of retail participants
during the recent past has made understanding such behavioral aspects
all the more critical (Seth et al., 2020). In this regard, scholars have
observed that two distinct sets of factors drive retail investors' decision
to invest: (a) rational factors related to traditional finance (Cuong &
Jian, 2015) and (b) irrational factors that come under the domain of
behavioral finance (Baltussen & Post, 2011). Traditional finance
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assumes that investors consider the available information and act ra-
tionally while making a decision (Szyszka, 2013). In comparison, beha-
vioral finance examines the effect of emotions and cognitive errors in
financial decision‐making (Hirschey & Nofsinger, 2008).
Behavioral finance explicates investor behavior by drawing upon
insights not only from finance but also from psychology, sociology,
and other related areas to examine behavior in varied markets that
deviate from standard assumptions (Yoong & Ferreira, 2013). Taking
the debate further, the proponents of market efficiency and its as-
sumption that markets are rational use theories of traditional finance
to explain the anomalies in the market (Yalcin et al., 2016). In com-
parison, behavioral finance supporters explain market anomalies
through behavioral biases (e.g., Sahi et al., 2013). In addition, the role
of sentiment and emotions in investment decision‐making is well‐
recognized in the literature. For instance, Piñeiro‐Chousa et al.
(2016) examined investors' social media activity to confirm that
sentiments related to social media use impact stock markets. Simi-
larly, scholars have noted that emotional stress associated with loss
from investments may impact the quality of future investment de-
cisions (Chu et al., 2014).
Behavioral biases have attracted researchers' attention over the
past several decades (e.g., Baker et al., 2019; Tversky & Kahneman,
1986), with different biases being proposed and examined to explain
retail investors' decision‐making. In this regard, some of the recently
examined behavioral biases are the disposition effect in the options
market (Bergsma et al., 2019), overconfidence and underdog bias
(Combrink & Lew, 2019), home bias tendency while trading (Gavish
et al., 2020), and myopic loss aversion (Durand et al., 2019). While
the accumulated knowledge is rich, the literature is deficient in terms
of three aspects: First, there are limited prior studies on investor
behavior in the face of an external stressor, such as a global health
crisis, even though the existing scholarship has noted the impact of
events, such as the Ebola virus outbreak (Ichev & Marinč, 2018) and
various disasters (Kowalewski & Śpiewanowski, 2020) on stock
market returns. It is important to acknowledge here that although
such events wreak havoc, they provide natural experimental settings
to assess investor behavior, in addition to offering opportunities for
assessing the pricing and reaction of funds (Mirza et al., 2020). The
COVID‐19 pandemic offers another such natural setting for ex-
amining investors' behavior to address the gap in the related findings
(Ortmann et al., 2020). In concurrence, some recent studies have
discussed the upheaval caused by the pandemic in the financial
markets and its impact on investors, thereby underscoring the need
to understand investor behavior better (e.g., Al‐Awadhi et al., 2020;
O'Donnell et al., 2021; Okorie & Lin, 2021). In this regard, Bansal
(2020) has suggested that the extreme volatility and market crash
during COVID‐19 should be analyzed through the lens of behavioral
biases and related cognitive errors. Responding to these calls, the
present study examines investors' behavioral biases and their influ-
ence on trading activity during the COVID‐19 pandemic.
Second, although scholars have acknowledged the effect of de-
mographic variables on the decisions of retail investors (Baker et al.,
2019), no studies have focussed on millennials' (also called
Generation Y) behavioral biases. Millennial investors are those born
between the years 1981 to 1996 (Dimock, 2019). Since they can be
anticipated to be active in the stock market for the foreseeable
future, given their age, a deeper understanding of millennials' be-
havioral biases could help managers plan their future strategies
(Dimock, 2019). Due to this, the present study investigates millen-
nials' behavioral biases and their influence on trading activity during
the COVID‐19 pandemic.
Third, although it is known anecdotally that trading in equity
markets is driven largely by peers' and professionals' recommenda-
tions, no prior study has examined the association between beha-
vioral biases and recommendation intentions in this context. The link
between investment and recommendation intentions has also been
highlighted by the academic research. In this regard, scholars have
observed that in addition to seeking economic gains, investors have
certain social motives associated with their investment activity that
may manifest as word of mouth or recommendation intentions (e.g.,
Ahmad et al., 2020). Given that recommendations can impact in-
vestment decisions, it would be quite useful for the concerned sta-
keholders to understand how various behavioral biases can influence
the recommendation intent of retail investors. We propose to ad-
dress the paucity of insights in this context by examining the asso-
ciation between the behavioral biases and recommendation
intentions of millennials during the COVID‐19 pandemic.
Cognisant of the gaps in the extant literature and the need to
address them, the present study thus utilizes a mixed‐method ap-
proach to elucidate the association between millennials' behavioral
biases on the one hand and their trading activity and recommenda-
tion intentions during the pandemic on the other. Specifically, the
study addresses two main research questions (RQs): RQ1. How do
behavioral biases predict the equity trading activity of millennials in
the face of an external stressor (i.e., COVID‐19) that has both psy-
chological and economic implications? RQ2. How do behavioral bia-
ses predict the recommendation intentions of millennials related to
equity trading under the impact of a health crisis?
Scholars have examined different sets of behavioral biases in
various contexts in the recent past. In addition, behavioral scientists
have classified these biases into different categories for ease of
understanding and evaluation. We have referred to one such clas-
sification/taxonomy, proposed by Montier (2002) and simplified from
Hirshleifer (2001) and Yalcin et al. (2016), to identify the biases to be
examined in the present study. Accordingly, we developed a con-
ceptual model comprising eight biases as exogenous variables and
millennials' trading activity and recommendation intentions as out-
come variables. We analyzed survey data collected from 351 Finnish
millennials to test the theorized associations.
Furthermore, drawing upon the past literature observing the
presence of nonlinearity in behaviors, investment outcomes, and
business phenomena (e.g., Layng, 2009; You, 2020), as well as the
contention that biases are associated with irrational decision‐making
that goes against the postulates of the Theory of Expected Utility
(Kahneman & Tversky, 1979), we expect the association of beha-
vioral biases with the proposed outcome variables to be nonlinear.
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Scholars have observed that in a given relationship, nonlinearity
occurs when the marginal impact of an additional unit of change is
not the same as that of the preceding one (Amanatiadis et al., 2014).
However, the associations can be linear as well. In sum, recognizing
that the relationship of biases with outcome variables may be more
complex than simple linear variations, the present study analyzed the
data using the artificial neural network (ANN) method, which ac-
commodates both linear and nonlinear associations. Finally, we fol-
lowed this empirical investigation with a post hoc qualitative study to
evaluate if the biases that manifested at the pandemic's beginning
persisted as it advanced.
The novelty of the present study comes from the following: (a) It
investigates behavioral biases and investor behavior during the
COVID‐19 pandemic, thereby clarifying the effect of unprecedented
outliers, such as global lockdown and the subsequent economic ra-
mifications, on investment decisions, (b) it highlights millennials as
strategically important generational cohorts to be focused upon in the
contemporary research on investment decision‐making, (c) it examines
recommendation intentions, which have remained under‐explored in
the prior literature on biases and investment decisions despite being
recognized as a key influence in equity markets, and (d) it recognizes
the possibility of the existence of both linear and nonlinear associa-
tions between biases, trading activity, and recommendation intentions.
To our knowledge, past studies on investors' behavioral biases have
not captured this possibility. Given that retail investors may have low
acumen in investment matters (Bhattacharya et al., 2012), the possi-
bility of nonlinear associations cannot be ignored.
2 | BACKGROUND LITERATURE
2.1 | COVID‐19 and the stock markets
The COVID‐19 pandemic made its first appearance in 2019 in China,
and soon after, it spread around the world (Chinazzi et al., 2020). Due
to the scale of its impact, the World Health Organization (WHO)
declared it a global pandemic in March 2020. Countries responded to
the pandemic by unveiling various control measures, including com-
plete domestic shutdown, social distancing, travel restrictions, and
provisions of quarantine for those exposed to the virus (Fang et al.,
2020). The massive scale of the lockdown produced severe economic
challenges due to the complete stoppage in commercial activity and
tourism and other consequences, such as job loss, lower growth, and
damage to the supply side (Leduc & Liu, 2020), which also adversely
affected the financial system. For instance, the restrictions imposed in
the wake of the pandemic increased the banking sectors' systemic risk
in many affected economies initially (Rizwan et al., 2020), though the
pandemic is expected to have high economic costs in the future as well
(Goodell, 2020). Even before the onset of the COVID‐19 pandemic,
scholars had raised concerns about the susceptibility and vulnerability
of economies to health pandemics (Bloom et al., 2018).
Past studies have observed that, in the same way as economies, the
stock market returns are also susceptible to major events (Zach, 2003).
This contention was confirmed when the markets worldwide registered a
substantial fall in their value, as presented in Figure 1, when the health
crisis was declared a pandemic in March 2020. To elaborate, Figure 1
indicates that the stock markets worldwide showed a declining trend
during the said period, losing 15%–20% of their value. Notably, scholars
expressed that the financial crisis unleashed by the pandemic has been
more perilous than the 2008 crisis (Georgieva, 2020), with financial
markets reaching close to collapse in its wake (Adam, 2020). However, it
is not entirely correct to compare the crisis caused by the COVID‐19
pandemic with the 2008 crisis.
The 2008 crisis was triggered by institutional structures and
practices in the financial sector (Crotty, 2009), beginning with the
collapse of the subprime mortgage market in the United States
(Hodson & Quaglia, 2009), thereby making it easier to contain and
counteract. In comparison, the pandemic has impacted all aspects of
human life, which has made it much more difficult to control. Fur-
thermore, the 2008 crisis was largely a financial turmoil that affected
the global economy, leading to a contraction in the gross domestic
product (World Bank, 2009). As the 2008 crisis unfolded, central
banks in various countries introduced a slew of monetary policy
measures to stabilize prices and financial markets (Collingro &
Frenkel, 2020). In contrast, in response to the COVID‐19 pandemic,
the governments focused on public health measures before initiating
any economic recovery plans.
In addition to its macro influence at the national and global level,
the pandemic has also produced a micro effect at the individual level.
Apart from impacting the movement and livelihood of individuals, the
panic created by the life‐threatening element of the pandemic could
have impacted the psyche and behavior of retail investors, thereby
causing them to make suboptimal investment decisions. The asso-
ciation between panic and stock market activity has been docu-
mented in the past literature, revealing the role of sentiment and
irrational thought‐process in investment decisions (Aggarwal et al.,
2021). For instance, scholars have observed that the panic created
by terrorist attacks has caused temporary declines in stock markets
in the past (Brounen & Derwall, 2010). This revelation is pertinent in
the present context since scholars have compared the pandemic to
terrorist attacks due to the fear, panic, and uncertainty it has incited
(Goodell, 2020; Ortmann et al., 2020).
The movement of stock markets worldwide confirmed the
drastic impact of the pandemic on investors. One after the other, all
markets registered a steep fall in March 2020. The US market, which
had hit circuit breaker only once before, in 1997, hit it four times in
the space of ten days in March 2020 (D. Zhang et al., 2020). Parti-
cularly, the returns of the S&P 500 were severely impaired (Shehzad
et al., 2020). The story in Europe and Asia was no different, with
FTSE (UK's main index) plunging more than 10% within a day and
Japan losing more than 20% of its peak reached in December 2019
(Vishnoi & Mookerjee, 2020). Such volatility not only eroded market
capitalization at an aggregate level but also diminished retail investor
wealth, potentially impacting their short‐ and long‐run investment
decisions and choices. Retail investors' decisions and choices can
produce serious repercussions for the markets since retail trades can
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F IGURE 1 Fall in world stock markets in response to COVID‐19 spread
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move stock prices (Burch et al., 2016), and the short‐selling activity
of retail investors can predict negative stock returns in the future
(Kelley & Tetlock, 2016).
Given their potential to impact the market as a whole, we contend
that it is important to examine retail investors' behavior in un-
precedented times, such as the COVID‐19 pandemic, to better un-
derstand the aggregate market response (Ortmann et al., 2020).
Moreover, since investors' preferences may be influenced by trends
(Caginalp & Balenovich, 1996), the behavior of a set of retail investors
causing a downtrend in prices may trigger panic in other investors.
This bodes ill for broader market valuations and underscores the need
to understand the drivers of investment/trading behavior. Further-
more, from the perspective of the investors themselves, they may
make suboptimal investment decisions by becoming more risk‐averse,
lowering their growth expectations, expecting higher market risk
premium, and reducing their trading activity (Aggarwal et al., 2021;
Ortmann et al., 2020), as observed in post‐terrorist attack periods
(e.g., Wang & Young, 2020). This supposition is corroborated by the
finding that there has been a general reduction in individual risk tol-
erance during the pandemic (Bu et al., 2020). Due to this, the present
study proposes to examine the investment behavior of retail investors
during the COVID‐19 pandemic.
2.2 | Behavioral biases
The debate around the existence of biases in decision‐making is
rooted primarily in Kahneman and Tversky's (1979) Prospect Theory.
Examining behavioral biases can be expected to yield a better
understanding of investors' decision‐making process (Sahi et al.,
2013) as these biases represent errors of judgment in decision‐
making (Kahneman & Riepe, 1998) and suggestions regarding how
investors process the available information to make decisions
(Shefrin, 2000). Scholars have categorized these biases in many dif-
ferent ways. Shefrin (2000) classified the biases into two categories:
heuristic‐driven biases and frame‐dependent biases. Pompian (2011)
categorized them as cognitive and emotional biases. Montier (2002),
meanwhile, gave a comprehensive taxonomy of biases, spanning
three broad categories: self‐deception, heuristic simplification, and
social interaction. These three categories comprise nearly twenty
biases. The self‐deception bias captures overconfidence, self‐
attribution, and hindsight bias. Heuristic simplification includes re-
presentativeness and anchoring/salience. In comparison, the last
category, which is social interaction, includes biases like herding. In
the present study, we have selected a set of biases to represent each
of the three categories proposed by Montier (2002).
3 | CONCEPTUAL MODEL
The present study examines how behavioral biases influence the
trading activity and recommendation intentions of retail investors in
the face of crises, such as the one posed by the spread of the COVID‐
19 virus (Figure 2). As mentioned above, the study has identified
biases from Montier's taxonomy (2002). This taxonomy was pre-
ferred for two reasons: First, it is very comprehensive, since it in-
cludes nearly twenty biases that cover various cognitive errors
manifested by investors, and, second, because it provides a clear
F IGURE 2 Conceptual model
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delineation of biases into three categories, which makes it easy to
understand why a particular bias is manifested. Furthermore, only
some biases representing the three categories given by Montier
were selected since it is not possible to examine all the biases in one
study.
These biases were selected in consultation with a panel of three
professors (specialized in Marketing and Finance) and three practi-
tioners. The biases include overconfidence and self‐attribution bias
(taken together, in consonance with Baker et al., 2019), hindsight bias,
over‐optimism, representativeness, anchoring, loss aversion, mental
accounting, and herding. Although mental accounting is not a part of
Montier's classification, it was included based on the suggestion of the
panel. The variables used in the study are described in Table 1.
3.1 | Self‐deception biases and trading activity
Self‐deception poses limits to learning that may prevent individuals
from training their minds towards alternative thought processes
(Montier, 2002). We have examined self‐deception through over-
confidence, self‐attribution, hindsight, and over‐optimism biases.
Overconfidence causes under‐ or overreactions in the financial
markets (Daniel et al., 1998) and may be exacerbated by an increase
in experience that, in turn, results in the deterioration of returns
from investment (Wulfmeyer, 2016; Xiao, 2015). Self‐attribution is a
manifestation of over‐confidence, due to which investors attribute
their success to the self and failure to others (Stracca, 2004). Prior
empirical studies have revealed that overconfidence can affect in-
vestment decision‐making adversely and cause losses by decreasing
risk‐aversion (Nosić & Weber, 2010), increasing market volatility
(Daniel et al., 1998), and instigating investors to indulge in trading
excessively (Barber & Odean, 2000; Meier, 2018).
Hindsight bias has been confirmed to exist in financial markets
and is known to produce financial consequences (Baker et al., 2019;
Moosa & Ramiah, 2017). Individuals with hindsight bias tend to be-
lieve, albeit falsely, that they had foreseen the possibility of an event,
such as the volatility of a particular stock, and accurately predicted
its actual outcome (Biais & Weber, 2009). Such a tendency to
overestimate their ability to predict movement in stock prices may
cause investors to over‐react by potentially indulging in heightened
trading activity (Camerer et al., 1989).
Over‐optimism represents individuals' tendency to think that the
likelihood of their experiencing positive outcomes is more than that of
them experiencing adverse outcomes, particularly if the related event is
perceived to be controllable by them (Bansal, 2020). Such optimism has
also been found to exist in investment decision‐making (Skala, 2008).
TABLE 1 Variable description
Bias Operational description Authors
Overconfidence and self‐
attribution
The tendency of investors to have an unrealistic estimate of their knowledge
about investing, based on some past successes that may cause them to
trade more
Barber and Odean (2001),
Daniel et al. (1998)
Hindsight bias The ex‐post tendency of investors to accept as true that they could have
predicted stock‐related events that have occurred already
Biais and Weber (2009)
Over‐optimism The tendency of investors to overvalue the returns of a risky asset under
consideration by focussing decision‐making selectively on good news,
thereby creating bubbles in the related markets
Bansal (2020)
Representativeness The tendency of investors to extrapolate earning surprise and overreact to
the next one, anticipating the outcome of an event by comparing it with a
past incident, and considering past price as representative of the future
price
Tversky and Kahneman (1974),
A. Kumar (2009)
Anchoring The tendency of investors to make stock‐related forecasts by being too
influenced by certain values and pegging the estimates to an arbitrary,
initial, or prior value/quantity that might be meaningless
Tversky and Kahneman (1974),
Hirshleifer (2001)
Loss aversion The tendency of investors to experience regret on incurring losses which
causes them to avoid future loss and regret. Usually, individuals are more
loss averse in bull markets
Kahneman and Tversky (1979)
Mental accounting The tendency of investors to make a mental account of investments that
affects stock selection and asset prices
Barberis and Huang (2001),
Thaler (1999)
Herding The tendency of investors to infer information and make choices based on
actions of others, be influenced by and act in accordance with their
judgment
S. Kumar and Goyal (2016),
Shantha (2019)
Trading activity Buying and selling of equity
Recommendation intentions Intentions of investors to spread positive word of mouth about an equity
investment in general and specific shares in particular
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Over‐optimism related to investment decision‐making may lead to a
better‐than‐average effect in financial markets, which is linked with a
high volume of trading (Glaser &Weber, 2007). Scholars have also linked
over‐optimism with overconfidence (Hilton et al., 2011), which again
provides a basis for associating it with increased trading activity.
Based on the preceding discussion, we expect the over‐confidence
and self‐attribution, hindsight, and over‐optimism biases of millennial
investors to influence their trading activity.
3.2 | Heuristic simplification and trading activity
Heuristic simplification represents errors in processing information, in-
cluding the effect of emotions due to the limited mental capacity of
humans (Montier, 2002). We have examined heuristic simplification in
the present study through representativeness, anchoring, loss aversion,
and mental accounting biases. Representativeness is a cognitive bias that
causes investors to make forecasts based on the analogues they as-
sociate with something (C. Zhang, 2008). For instance, investors may
consider the realized returns as representations of expected returns in
the future and act to sell or buy accordingly (De Bondt, 1998). Prior
scholars have confirmed the influence of representative bias in invest-
ment decision‐making (Mokhtar, 2014; Baker et al., 2019), revealing age
and gender‐based differences in its manifestation (Tekçe et al., 2016).
Such bias can influence the quality of investment made by individuals and
adversely impact markets in the long run. For instance, during the
COVID‐19 pandemic, a tendency to compare the 2020 crash of the stock
market with the 2008 crisis has been observed, which is a manifestation
of representativeness bias (Bansal, 2020). However, experts warn that
the decline in the markets due to the COVID‐19 crisis may continue
longer than the duration observed in 2008, similar to the prolonged
recovery witnessed after the 1929 crash (McCaffrey, 2020).
Anchoring bias causes investors to begin their estimates with a
certain initial value before adjusting it thereafter (Tversky & Kahneman,
1974). It can potentially influence decision‐making and lead to poor in-
vestment choices based on limited and subjective information (Caputo,
2014; Costa et al., 2017). Due to this, the bias can affect the market as
well. For instance, anchoring bias can lead to a 52‐week high momentum,
especially when the investor sentiment is high (Hao et al., 2018). Fur-
thermore, it can influence buying and selling activity by causing investors
to expect earnings to conform to past trends or shares to trade within a
range. This can lead to under‐reaction to changes in trends. Such bias is
also present in market participants' estimates of the profitability of a firm
(Cen et al., 2013).
Loss aversion represents the investors' decision to sell stock that has
risen in price and keep holding stock that has fallen (Kahneman &
Tversky, 1979). Emotions drive this decision and manifest less when the
decision is being made for others (Andersson et al., 2016). Loss aversion
influences selling decisions since investors react differently to the pos-
sibility of losses compared with assured profits (Zahera & Bansal, 2018).
There are findings relating loss aversion to demographic profile as well,
with investors who are unmarried exhibiting more loss aversion than
married ones (Ates et al., 2016).
Mental accounting causes investors to compartmentalize their in-
vestments separately into mental categories (Thaler, 1985). To maximize
returns and minimize risk, investors apply different policies in managing
these categories and consider each to have a specific aim. Such cognitive
error can adversely impact the portfolio selection process since it is
largely driven by emotions (Zahera & Bansal, 2018). Scholars have also
discussed mental accounting along with other biases as risk factors that
can lead to suboptimal investment decisions at both the retail and in-
stitutional levels (Otuteye & Siddiquee, 2019). Mental accounting has
also been examined in the larger context of consumer behavior to explain
aspects like inaction inertia (Liu & Chou, 2018).
The above discussion confirms that heuristic simplification bia-
ses can influence investment decisions. Accordingly, we extrapolate
the same outcome to the millennial investors and suggest that these
biases will influence their trading activity.
3.3 | Social interaction and trading activity
Social interaction represents human beings' intrinsic social nature, which
results in the horizontal transmission of information across social groups
(Montier, 2002). In the present study, we have examined the impact of
social interaction on millennials' investment decision‐making through
herding bias. The tendency to trust others' judgment, manifested as
herding bias, has been cited as a key cause of bubbles, volatility, and
crashes in financial markets (Shantha, 2018; Yao et al., 2014). Other
studies have also confirmed that herding bias produces adverse con-
sequences for markets and causes financial losses for investors (Shantha,
2018; 2019). Focusing on demographic factors, Lin (2011) observed that
men exhibit lower herding bias than women, and younger investors ex-
hibit this bias more than older ones. Taking these findings forward,
other scholars have also examined the effect of demographic
characteristics, including age, on herding bias (Baker et al., 2019; Prosad
et al., 2015).
Based on the preceding discussion, we expect herding bias to
influence millennials' decision to imitate others and trade more if
others are doing it.
3.4 | Behavioral biases and recommendation
intentions
Recommendation intentions or positive word of mouth is a well‐
researched form of consumer behavior and has been examined in
various contexts, including online products and services, mobile wallets,
hospitality, and so on (e.g., Karjaluoto et al., 2016; Kaur, Dhir, Bodhi,
et al., 2020; Kaur, Dhir, Singh, et al., 2020). Although the prior studies
on behavioral bias have not investigated the association between these
biases and recommendation intentions, the existing literature does
indicate its importance. Montier's taxonomy itself, which is the basis of
the present study, has identified social interaction and transmission of
information across social groups as a potential source of bias (Montier,
2002). Scholars have also argued that, in the future, the individual
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decision‐making process might be better understood by evaluating
group decision‐making processes (Preda & Muradoglu, 2019). Re-
commendation intentions are particularly important to understand in
the case of millennials as they represent generational cohorts exposed
to information technology at a young age (Chen & Howard, 2020),
which enables them to stay connected with others. In fact, this gen-
eration has been called digital natives as they are known to maintain a
continuous online presence (Lester et al., 2005). Furthermore, millen-
nials are more likely to consult others while making decisions
(Viswanathan & Jain, 2013). In the general context of consumer
decision‐making, scholars have also noted the rising importance of
reviews available online (Agnihotri & Bhattacharya, 2016), which un-
derscores the importance of consumer recommendations.
Given their connectivity and dependence on others for decision‐
making, including investments, it is plausible to assume that millen-
nials would be inclined to share their knowledge about investment
with their social groups. Since the recommendations made may in-
fluence the investment decisions of such groups, it is important to
understand how millennials' behavioral biases shape their re-
commendation intentions. This can help understand how contagion
and panic in the stock market may cascade at the retail level through
the communication of investors with each other.
4 | DATA AND METHODS
4.1 | Data collection
We used a mixed‐method approach to achieve the objectives of our
study. The first part comprised quantitative data collection, and the
second part comprised a post hoc qualitative study.
We collected data for empirical analysis through a cross‐
sectional survey conducted in Finland. The respondents were re-
cruited by specifying three screening questions: (a) They should have
been born between 1981 and 1996, (b) their gender should be male,
and (c) they should have experience with trading in equity. These
screening criteria enabled us to recruit respondents from our target
sample, which comprised Finnish millennial males active in equity
markets. Finland was chosen to collect data based on recent reg-
ulatory developments. In March 2019, the Parliament in Finland
accepted the law related to equity savings accounts to encourage
equity investment. In this regard, millennials constitute 50% of the
accounts opened so far, with the majority being males (Euroclear
Finland, 2020).
The questionnaire was developed by adapting pre‐validated
scales from prior studies in the area of behavioral finance. The fol-
lowing scales were derived from Baker et al. (2019). Overconfidence
and self‐attribution, hindsight bias, representativeness, anchoring,
mental accounting, and herding. Over‐optimism was operationalized
by adapting the scale from Barrafrem et al. (2020), while the loss
aversion scale was adapted from Chun and Ming (2009). For trading
activity, items were developed based on Milgrom and Stokey (1982)
and Barber and Odean (2000), and recommendation intentions were
captured through a scale adapted from Riquelme et al. (2016). Before
finalizing the questionnaire, we followed the due procedure to en-
sure the face and content validity of the survey items, in consonance
with recent studies (e.g., M. Talwar et al., 2020). To this end, we first
presented the preliminary questionnaire to a panel of three pro-
fessors (specialized in Marketing and Finance) and three profes-
sionals experienced in advising retail investors. Corrections
suggested by them were used to modify the questionnaire, which
was then pilot tested with ten respondents representing the target
sample. These respondents' feedback was then used to change the
language of the items further as required. This process culminated in
the preparation of the final questionnaire.
The survey was conducted during May 2020 to capture the re-
sponses during the ongoing COVID‐19 pandemic. Due to this, mul-
tiple touchpoints were used to solicit a response. The online survey
link was shared on WhatsApp and Facebook groups and different
Facebook pages related to equity investment. To control for self‐
response bias, we informed the participants that their anonymity
would be maintained, and no personal information except basic de-
mographic details would be collected. Furthermore, we did not dis-
close that the purpose of the study was to measure behavioral
biases. This was done to prevent biases in response that may man-
ifest if the respondents knew the purpose of the study (Saunders
et al., 2009). No incentive was offered for responding to the survey.
A total of 380 responses were received, of which 351 were taken
forward for analysis after the removal of incomplete responses and
outliers.
We followed the empirical analysis with a post hoc qualitative
study conducted through open‐ended essays. To this end, we re-
cruited 19 male millennial investors as participants through Prolific
Academic. The objective of this study was to evaluate whether the
biases that manifested immediately after the onset of the pandemic
persisted as it advanced. Such insight can be useful to understand
how the panic and uncertainty associated with a crisis drive biases
initially and how coming to terms with the unfolding situation
changes them over time.
4.2 | Methods
We considered three potential methods for data analysis,
covariance‐based structural equation modelling (CB‐SEM), variance‐
based structural equation modelling (VB‐SEM), and ANNs, based on
the nature of the data and research questions. With regard to the
nature of the data, Henseler et al. (2009) suggested that the suit-
ability of an analysis method depends on its requirements related to
the size of the sample, outliers, normality, multicollinearity, linearity,
and homoscedasticity.
In this context, if the research questions are grounded in a
conceptual model based on a strong theoretical framework, and the
collected data meets the requirements mentioned above, then CB‐
SEM is suitable. Similarly, if the research questions are related to
theory‐building, and the collected data does not conform to some of
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the requirements mentioned above, VB‐SEM is suitable since it is
lenient about sample size, outliers, and normality. In comparison, if
the research questions mandate the detection of both linear as well
as nonlinear relationships to uncover the predictive capacity of
exogenous variables, then ANN is better suited for data analysis, as
suggested by Hew et al. (2019) and M. Talwar et al. (2021). ANN
method utilizes artificial intelligence to generate a solution and is
lenient on the various data‐related assumptions mentioned above. In
the present study, we have used ANN to analyze data since our
objective is to detect both types of relationships and determine the
predictive power of biases in the context of millennials' trading ac-
tivity and recommendation intentions. We performed the ANN
analysis using sklearn and multi‐layer perceptron in Python
and SPSS.
ANN uses neurons distributed in multiple layers, grouped as
input, output, and hidden (Höglund, 2012). The network is based on
the principle of how the human brain works and learns new
information. This learning occurs through a training process that
involves forward iterations and backward propagation of information
to fine‐tune the output (Taneja & Arora, 2019). The learned in-
formation is stored in the model as synaptic weights. These weights
are then adjusted using activation function (sigmoid function in this
study) and through the propagation of errors in the backward di-
rection. The key idea here is to reduce the gap between the actual
and the desired output over numerous iterations to reach the level
where bias is minimized (El Idrissi et al., 2019; Sharma &
Sharma, 2019).
We employed a cross‐validation process for analysis, wherein
the data were bifurcated into two parts, training and validation, as
suggested by scholars (Kuhn & Johnson, 2013). Moreover, we uti-
lized 70% of the data as training data and the balance 30% for
validation to avoid over‐fitting. To assess the model's prediction
accuracy, we evaluated the root mean square error (RMSE) value, as
recommended by Samuel et al. (2014). The relative influence of each
exogenous variable was gauged through sensitivity analysis, in which
we first calculated the relative importance of each variable and then
expressed it as the proportion of the highest value.
5 | RESULTS
5.1 | Validity and reliability of the instrument
The present study computed Cronbach's α and the composite reliability
(CR) to confirm the reliability of the scale, in line with prior literature (J.
Hair et al., 2010). Both criteria for reliability were met, in line with the
recommended cut‐off value of 0.70 (J. Hair et al., 2010), except in the
case of over‐optimism, due to which it was excluded from analysis
(Table 2). Next, the instrument's validity was assessed through con-
vergent and discriminant validity, as suggested by prior methodological
literature (J. Hair et al., 2010). In this context, the average variance
extracted (AVE) for all of the constructs taken forward was greater than
0.50, thereby confirming the convergent validity (Table 2). Similarly,
square roots of the AVEs were generally higher than the pairwise cor-
relations, confirming discriminant validity (Table 2).
5.2 | Data diagnostics
5.2.1 | Normality, multicollinearity, linearity, and
homoscedasticity
We used the Kolmogorov–Smirnov (K–S) test to evaluate if the data
under the study were normally distributed (Chakravarti et al., 1967).
Since the null hypothesis of normal distribution was rejected
(p > .00), we concluded that the data followed a non‐normal dis-
tribution. This outcome provides another justification for using ANN.
Next, the multicollinearity issue was examined by computing values
of tolerance and variance inflation factor (VIF), as suggested by prior
studies (e.g., Chong, 2013). All tolerance values were greater than
TABLE 2 Validity and reliability
α CR AVE OSCA HB ANCH REP LAV HER MAAC TA RI
OSCA 0.75 0.75 0.50 0.71
HB 0.73 0.73 0.47 0.49 0.69
ANCH 0.77 0.78 0.47 −0.19 −0.17 0.68
REP 0.77 0.77 0.45 0.49 0.48 −0.09 0.67
LAV 0.71 0.72 0.46 −0.08 0.00 0.13 −0.01 0.68
HER 0.76 0.76 0.51 0.50 0.50 −0.22 0.42 0.05 0.72
MAAC 0.75 0.76 0.51 0.06 0.06 0.06 0.10 0.05 0.10 0.72
TA 0.76 0.76 0.52 0.68 0.70 −0.34 0.63 −0.01 0.70 0.05 0.72
RI 0.82 0.83 0.63 0.57 0.58 −0.22 0.47 −0.04 0.68 0.02 0.65 0.79
Abbreviations: ANCH, anchoring; AVE, average variance extracted; CR, composite reliability;
HB, hindsight bias; HER, herding; LAV, loss aversion; MAAC, mental accounting; OSCA,
overconfidence and self‐attribution; REP, representativeness; RI, recommendation intention; TA,
trading activity; α, Cronbach's α.
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0.1, and VIFs were below the threshold value of 3, which confirmed
the absence of collinearity issues in the data (Hair et al., 2011). The
absence of multicollinearity was also confirmed by the value of the
correlations between the exogenous variables being less than 0.90
(e.g., Wong et al., 2016) (Table 2).
In consonance with Hew et al. (2019), we conducted the ANOVA
test to confirm the type of relationship (linear vs. nonlinear) between
the variables. The test confirmed that both trading activity and re-
commendation intentions have a nonlinear relationship with re-
presentativeness, anchoring, and herding biases. The existence of
these relationships yields further support for the use of ANN.
We also examined the data under study to understand whether
it was homoscedastic or heteroscedastic. To this end, in consonance
with Hew et al. (2019), we generated a scatter plot to visually ex-
amine if the residuals were evenly distributed around the fitted line.
As seen in Figures 3 and 4, the trading activity data is homoscedastic,
whereas the recommendation intentions data is not. However, the
heteroscedasticity of the data was not a concern in the present study
since the feedforward neural network estimates are better than
those of the weighted least square regression in the instance of
deviation from homoscedasticity (Paliwal & Usha, 2011).
5.2.2 | Common method bias (CMB)
The issue of CMB may exist in the present study since the data for all of
the variables were collected through a single instrument in one wave.
Due to this, we used a two‐pronged approach to control and assess the
issue of CMB, as suggested by Podsakoff et al. (2003). Due attention was
paid to the questionnaire design and protection of the respondents'
anonymity. Next, we conducted Harman's single factor test, which re-
vealed that one factor explained only 26.82% of the total variance. Being
less than the suggested threshold of 50%, this value confirmed that CMB
was not an issue in the data under study.
5.3 | Validation of ANN
Alternative ANNmodels were generated with seven input neurons, three
hidden neurons, and two output neurons (Figure 5). Based on the RMSE
values presented in Tables 3 and 4, we can conclude that these models
have a high prediction accuracy. This is further confirmed by the fact that
the mean values of the RMSE of the training and validation data are
0.1455 and 0.1484 for trading activity and 0.1972 and 0.2197 for re-
commendation intentions. We have reported RMSE values in consonance
with recent studies that have applied ANN for data analysis (e.g., Hew
et al., 2019; Leong et al., 2020; M. Talwar et al., 2021).
5.4 | Sensitivity analysis
The present study conducted a sensitivity analysis to assess the
comparative influence of biases by computing their normalized im-
portance. This was calculated by expressing each value as a percen-
tage of the highest value. As presented in Table 5, in the case of
trading activity, herding is the most important bias, followed by
hindsight, overconfidence and self‐attribution, representativeness, and
anchoring. As presented in Table 6, in the case of recommendation
intentions, herding is the most important bias, followed by hindsight,
overconfidence and self‐attribution, representativeness, anchoring,
mental accounting, and loss aversion.
5.5 | Post hoc qualitative study
We followed our quantitative empirical investigation with a post hoc
qualitative study to understand whether the biases that manifested
during the early part of the pandemic were still playing a role in
influencing millennials' trading activity and recommendation inten-
tions. To this end, we collected and analysed data from 19 male
F IGURE 3 Scatter plot of standardized residuals (trading activity)
F IGURE 4 Scatter plot of standardised residuals
(recommendation intentions)
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F IGURE 5 Artificial neural network model
TABLE 3 RMSE of training and validation data (70/30) for
trading activity
Training Validation
Neural network N RSME N RSME
ANN1 106 0.1468 106 0.1488
ANN2 106 0.1468 106 0.1488
ANN3 106 0.1462 106 0.1471
ANN4 106 0.1429 106 0.1497
ANN5 106 0.1390 106 0.1481
ANN6 106 0.1446 106 0.1488
ANN7 106 0.1446 106 0.1488
ANN8 106 0.1408 106 0.1443
ANN9 106 0.1506 106 0.1505
ANN10 106 0.1522 106 0.1494
Mean 0.1455 0.1484
SD 0.0037 0.0015
Abbreviations: RMSE, root mean square error; SD, standard deviation.
TABLE 4 RMSE of training and validation data (70/30) for
recommendation intentions
Training Validation
Neural network N RSME N RSME
ANN1 106 0.2002 106 0.2227
ANN2 106 0.2002 106 0.2227
ANN3 106 0.2000 106 0.2217
ANN4 106 0.1960 106 0.2210
ANN5 106 0.1781 106 0.2170
ANN6 106 0.1951 106 0.2192
ANN7 106 0.1951 106 0.2192
ANN8 106 0.1942 106 0.2184
ANN9 106 0.2068 106 0.2171
ANN10 106 0.2062 106 0.2180
Mean 0.1972 0.2197
SD 0.0073 0.0020
Abbreviations: RMSE, root mean square error; SD, standard deviation.
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millennials with varying degrees of experience in equity investment.
The relevant details of the participants are presented in Table 7.
We developed the questions for the open‐ended essay by using
key descriptors of each bias (as given in Table 1). To elaborate, we
formulated eight questions, one for each bias, with two subparts.
One subpart was related to the influence of the concerned bias on
trading activity, and another was related to the influence of the
concerned bias on recommendation intentions. The questions and
sample responses are presented in Appendix A. Each author in-
dependently assessed the responses and prepared a matrix recording
whether a given bias influenced the participants' trading activity and
recommendation intentions. Since the responses were quite clear
and distinct, there was no inter‐coder disagreement. We con-
solidated the independent codes into a single table, using a tick mark
to indicate the presence of a bias. The results are presented in
Tables 8 and 9.
6 | DISCUSSION OF RESULTS AND
IMPLICATIONS
Using Montier's (2002) taxonomy as a reference, we identified eight
behavioral biases (i.e., overconfidence and self‐attribution, hindsight
bias, over‐optimism, representativeness, anchoring, loss aversion,
TABLE 5 Normalized relative
importance of biases in the case of trading
activity
Neural network OSCA HS ANCH REP LAV HER MAAC
ANN1 0.642 0.835 0.125 0.545 0.001 1 0.009
ANN2 0.641 0.831 0.119 0.512 0.002 1 0.002
ANN3 0.67 0.875 0.136 0.537 0.001 1 0.007
ANN4 0.682 0.913 0.118 0.626 −0.003 1 0.003
ANN5 0.648 1 0.109 0.487 0.007 0.708 −0.003
ANN6 0.615 0.94 0.172 0.443 −0.004 1 −0.012
ANN7 0.618 0.99 0.185 0.46 −0.004 1 −0.06
ANN8 0.737 1 0.142 0.49 −0.003 0.817 −0.01
ANN9 0.338 0.448 0.031 0.223 0.006 1 0.012
ANN10 0.349 0.443 0.021 0.249 0.001 1 0.02
Mean 0.594 0.8275 0.1158 0.4572 0.0004 0.9525 −0.0032
Normalized 62% 87% 12% 48% 0% 100% 0%
Abbreviations: ANCH, anchoring; HB, hindsight bias; HER, herding; LAV, loss aversion; MAAC, mental
accounting; OSCA, overconfidence and self‐attribution; REP, representativeness.
TABLE 6 Normalized relative
importance of biases in the case of
recommendation intentions
Neural network OSCA HS ANCH REP LAV HER MAAC
ANN1 0.091 0.122 0.001 0.062 0.015 1 0.023
ANN2 0.099 0.128 0.008 0.069 0.02 1 0.031
ANN3 0.089 0.122 0.001 0.059 0.014 1 0.021
ANN4 0.087 0.14 0.001 0.087 0.02 1 0.015
ANN5 0.255 0.617 0.01 0.265 0.06 1 0.042
ANN6 0.113 0.133 0.01 0.059 0.002 1 −0.002
ANN7 0.113 0.133 0.01 0.059 0.002 1 −0.002
ANN8 0.149 0.186 0.008 0.068 0.009 1 0.002
ANN9 0.332 0.441 0.031 0.219 0.006 1 0.012
ANN10 0.349 0.443 0.021 0.249 0.001 1 0.02
Mean 0.1677 0.2465 0.0101 0.1196 0.0149 1 0.0162
Normalized 17% 25% 1% 12% 1% 100% 2%
Abbreviations: ANCH, anchoring; HB, hindsight bias; HER, herding; LAV, loss aversion; MAAC, mental
accounting; OSCA, overconfidence and self‐attribution; REP, representativeness.
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mental accounting, and herding) to examine their relative influence
on millennials' trading activity and recommendation intentions dur-
ing the pandemic. All biases except over‐optimism were found to
exist among this population. The absence of over‐optimism implies
that millennials do not feel that financial advisors are redundant. It
also indicates that they do not live in the moment. This result is not
as anticipated in light of the prior extended literature (Glaser &
Weber, 2007; Hilton et al., 2011). A potential reason for the absence
of over‐optimism could either be due to the mental make‐up of the
millennials or the effect of the pandemic. However, before drawing
any firm conclusion about the absence of over‐optimism in millen-
nials, further analysis with a larger sample size drawn from different
geographies is required. The extent of the influence of other biases
on the endogenous variables and the potential reasons are discussed
below.
6.1 | Biases and trading activity
The results revealing the relative influence of the biases on trading
activity are presented in Table 10. Herding is the most important
bias predicting trading activity as its relative importance is 100%.
The association between the two is nonlinear and positive, as ob-
served from their correlation. The outcome indicates that a higher
herding bias increases the trading activity in the face of external
stressors like a pandemic. This also implies that millennials tend to
consult others and are impacted by their stock market reactions.
Accordingly, they are likely to buy and sell more stocks during a crisis
if others are doing the same. Such heightened trading activity when
markets are volatile can result in financial losses for individual in-
vestors and impact the market's volatility further, as argued by prior
scholars (Shantha, 2018, 2019). This finding is in consonance with
past extended literature (Shantha, 2018; Yao et al., 2014).
Hindsight is the second most influential bias for trading activity,
with the value of influence equal to 87%. In addition, the relationship
between the two is linear and positive, as seen from the correlation
between the two. This implies that millennials with hindsight bias,
believing that they had been able to predict past collapses in stock
markets and even the initial crash during the COVID‐19 pandemic,
would indulge in heightened trading activity in the face of an





Number of years of
equity trading
experience
P1 28 NVQ Lvl 4 2
P2 27 Masters degree 2
P3 36 Bachelors degree 11
P4 28 Masters degree 1
P5 28 Bachelors degree 3
P6 29 College A level 1
P7 32 Bachelors degree 10
P8 33 Bachelors degree 3




P10 31 Bachelors degree 5
P11 26 Masters degree 5
P12 27 Masters degree 5
P13 28 Masters degree 3
P14 30 Bachelors degree 10
P15 27 High school Less than 1 year
P16 28 Bachelors degree 3
P17 31 Engineering Masters
degree
5
P18 30 Masters degree 1
P19 31 Bachelors degree 1
TABLE 8 Results of post hoc qualitative study (biases and
trading activity)
Participant
number OSCA HS OP REP ANCH LAV MAAC HER
P1 √ √ √ √
P2 √ √ √ √ √ √
P3 √ √ √ √
P4 √ √ √ √ √ √
P5 √ √
P6 √ √ √ √
P7 √ √ √ √ √
P8 √ √ √
P9 √ √ √ √ √
P10 √ √ √ √ √
P11 √ √ √ √
P12 √ √ √ √ √
P13 √ √
P14 √ √
P15 √ √ √ √
P16 √ √ √
P17 √ √ √ √ √ √
P18 √ √ √
P19 √ √
11 9 5 11 12 6 7 14
Abbreviations: ANCH, anchoring; HB, hindsight bias; HER, herding;
LAV, loss aversion; MAAC, mental accounting; OSCA, overconfidence and
self‐attribution; REP, representativeness.
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external stressor. Such a tendency can be extremely risky since it
might lead to adverse financial consequences for them, as argued by
the existing scholarship (Baker et al., 2019; Moosa & Ramiah, 2017).
Put differently, individuals with hindsight bias tend to believe, albeit
falsely, that they had foreseen the possibility of an event, such as the
volatility of a particular stock, and accurately predicted its actual
outcome (Biais & Weber, 2009). Such a tendency to overestimate
their ability to predict is an indicator of the high level of over-
confidence, which may cause them to over‐react by potentially in-
dulging in heightened trading activity (Camerer et al., 1989).
The third bias that influences trading activity is overconfidence
and self‐attribution, with a relative importance equal to 62%. Fur-
thermore, the relationship between the two is linear and positive,
implying that the millennials who think that their actions, knowledge,
and opinions are responsible for the increase in the value of their
investments and that their skills can help beat the market are likely
to trade more in situations like a pandemic. The result aligns with our
anticipation based on the prior findings (e.g., Barber & Odean, 2000;
Meier, 2018). This bias makes the millennials vulnerable to making
investment/trading decisions that may not be in their favor. In other
words, overconfidence and self‐attribution bias is potentially pre-
carious since it may decrease investors' risk‐aversion, as discussed in
past studies (e.g., Nosić & Weber, 2010), and increase their market
volatility as well (Daniel et al., 1998).
Representativeness is the fourth most influential bias for trading
activity, with the value of influence equal to 48%. Moreover, the
relationship between the two is nonlinear and positive. The finding
confirms that millennials who estimate future prices based on cur-
rent stock price and depend on past prices and earnings for decision‐
making are likely to trade more during a crisis. This result is in
concordance with our expectations based on prior studies (Mokhtar,
2014; Baker et al., 2019). The risk, in this case, is that such cognitive
errors can influence the quality of investments and impact markets
negatively in the long run.
The next bias in the order of importance is anchoring, with the
value of influence equal to 12%. Furthermore, its relationship with
trading activity is nonlinear and negative. The influence of anchoring
is relatively small in magnitude. The presence of this bias implies that
the millennials who take their stock buying and selling decisions by
keeping past prices and purchase price in mind and tend to hold a
falling stock until it returns to its purchase price are unlikely to
indulge in heightened trading activity during a crisis. Since anchoring
bias causes under‐reaction, especially at the time of high investor
sentiment (e.g., Hao et al., 2018), the presence of this bias may cause
these millennials to miss out on some good investment opportunities
by under‐reacting when the markets are moving, especially during a
crisis.
The relative importance of the remaining two biases, loss aver-
sion and mental accounting, is zero, indicating that they do not in-
fluence millennials' decision to trade during a crisis. This implies that
the tendency of retail millennial investors to hold on to falling stocks
and their nervousness about their investments in the presence of an
external stressor does not predict their trading activity. Similarly,
their tendency to put different investments in different mental ca-
tegories and not look at their portfolio as a whole also does not
influence millennials' trading activity during a crisis. These results are
contrary to prior findings that revealed the impact of loss aversion
and mental accounting on retail individuals' investment behavior
(e.g., Otuteye & Siddiquee, 2019; Zahera & Bansal, 2018). The reason
TABLE 9 Results of post hoc qualitative study (biases and
recommendation intentions)
Participant
number OSCA HS OP REP ANCH LAV MAAC HER
P1 √ √ √ √ √
P2 √ √ √ √ √
P3 √ √ √ √
P4 √
P5 √ √ √
P6 √ √ √ √
P7 √ √ √
P8
P9
P10 √ √ √ √
P11 √ √ √ √
P12
P13 √ √ √
P14
P15 √ √ √
P16 √ √ √ √
P17 √ √ √
P18 √ √ √ √ √ √ √
P19
8 4 1 9 7 9 6 9
Abbreviations: ANCH, anchoring; HB, hindsight bias; HER, herding;
LAV, loss aversion; MAAC, mental accounting; OSCA, overconfidence and
self‐attribution; REP, representativeness.







Herding 100 0.70 Nonlinear




Representativeness 48 0.63 Nonlinear
Anchoring 12 −0.34 Nonlinear
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behind this unanticipated outcome could be situational or cultural.
Due to this, further studies based on diverse samples, settings, and
multiple countries are required to fully understand why these two
biases do not play any role in influencing millennials' trading activity
during a crisis.
6.2 | Biases and recommendation intentions
The results revealing the relative influence of the biases on re-
commendation intentions are presented in Table 11. Herding is the
most important bias predicting recommendation intentions as its
relative importance is 100%. In addition, its relationship with in-
tentions is nonlinear and positive, as seen from the correlation be-
tween the two. This outcome implies that higher herding bias
increases millennials' recommendation intentions in the face of an
external stressor like a pandemic. The finding confirms that the
millennials, who are likely to consult others and be impacted by their
reactions in the market, are more likely to recommend equity in-
vestments. This could be detrimental for the efforts to stabilize the
markets since the recommendations may get translated into actual
buying or selling, without much knowledge, by those who have re-
ceived the recommendations, thereby increasing the market's vola-
tility, as contended by prior studies (e.g., Shantha, 2018). We had
anticipated millennials' behavior to exhibit recommendation inten-
tions given their tendency to consult others while making decisions
(Viswanathan & Jain, 2013) and be part of an online world of con-
stant connectivity.
Hindsight is the second most influential bias for recommenda-
tion intentions, with the value of influence equal to 25%. Moreover,
its relationship with intentions is linear and positive, as seen from
their correlation value. This indicates that millennials with hindsight
bias, having the tendency to believe that they had been able to
predict past collapses in stock markets and even the initial crash
during the COVID‐19 pandemic, would show positive intentions to
recommend equity investment during such a crisis. Such tendency
can have adverse financial consequences for their peer group who
might act on millennials' recommendations, as argued by prior ex-
tended literature (Baker et al., 2019; Moosa & Ramiah, 2017). In
other words, recommendations given by millennials can potentially
lead to imprudent investments by their social group, causing losses
and panic in the market. In sum, our finding indicates that a belief in
their hindsight, which makes them overconfident (Camerer et al.,
1989), causes millennials to feel that they know enough to advise
others.
The third bias that predicts recommendation intentions is
overconfidence and self‐attribution, with the value of influence equal
to 17%. Moreover, its relationship with intentions is linear and po-
sitive. The result indicates that the millennials who feel that their
knowledge of investing and ability is superior to that of financial
analysts are more likely to recommend equity investments to others
in situations such as a pandemic. Additionally, in believing that they
can exceed market returns, such millennial investors would be quite
keen about making equity investment‐related recommendations to
others. This tendency of making recommendations can be quite
detrimental for others since the advice received may cause them to
act in a less circumspect and less risk‐averse manner, as contended
by past studies (e.g., Nosić & Weber, 2010), and have a cascading
effect of increasing market volatility (Daniel et al., 1998).
Representativeness is the fourth most influential bias for re-
commendation intentions, with the value of influence equal to 12%.
In addition, its relationship with intentions is nonlinear and positive.
This finding indicates that the millennials who decide to buy a stock
based on its past price and firm performance and who forecast price
changes based on recent prices will show a higher tendency to re-
commend equity investments during a crisis. Although there is no a
priori basis in the literature to support this finding, a plausible reason
behind such behavior could be millennials' strong belief in their de-
cisions based on the available information. To express this differ-
ently, millennials may believe that analyzing relevant data can help in
superior stock selection, making them feel more confident about
recommending the same to others. However, such recommendations
are quite risky since they might be based on misjudgements, as
discussed by existing scholarship (e.g., McCaffrey, 2020). Such mis-
judgements may result from the fact that retail millennials investors
may identify naive patterns in stock price changes and trade in less
effective ways, as observed in the case of other individual investors
(De Bondt, 1998). By sharing their misjudgements with others, these
millennials might transmit cognitive errors that can potentially harm
the markets and adversely impact the quality of investments of the
recipients of such suggestions.
The remaining three biases: mental accounting, loss aversion,
and anchoring, have a very low relative influence on the re-
commendation intentions of millennials, with the value of influence
being 2% for mental accounting and 1% each for the other two.
Furthermore, while the relationship of mental accounting with in-
tentions is linear and positive, both loss aversion and anchoring have
a negative relationship with it. However, the relationship of loss
aversion is linear, whereas that of anchoring is nonlinear. Since the
present study is the first empirical endeavor to examine these







Herding 100 0.68 Nonlinear




Representativeness 12 0.47 Nonlinear
Mental accounting 2 0.02 Linear
Anchoring 1 −0.22 Nonlinear
Loss aversion 1 −0.04 Linear
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relationships, there is a need to examine them in various contexts
and evaluate the variances in the outcomes before drawing any
conclusive inferences regarding the reasons behind the weak influ-
ence of these biases on recommendation intentions of millennials
during a crisis.
It can also be observed that the influence of biases is greater in
the case of trading activity than recommendation intentions, in-
dicating that trading activity is predicted to a greater extent by the
biases than recommendation intentions.
Since the findings of our study are based on the analysis of data
collected from millennial investors in the initial phase of the pandemic,
we followed them up with a post hoc qualitative study. The purpose of
this study was to evaluate if the manifestation of biases and their
influence on trading activity and recommendation intentions have
changed with the advancement of the pandemic or not. The results of
this study, presented in Tables 8 and 9, reveal that the manifestations
and the impact of biases on the two endogenous variables have
changed, though not drastically, in the later phase of the pandemic.
Specifically, most participants have accepted herding to have played
an important role in influencing both their trading activity (74%) and
recommendation intentions (47%). Our quantitative analysis had also
indicated the same outcome. This implies that consistently throughout
the pandemic, millennials made their stock buying and selling decisions
based on the actions and judgment of others, a dependence that also
motivated them to make recommendations to their social group to some
extent. A potential reason behind this could be that, like all others, mil-
lennials also depend more on their social groups in times of crisis, re-
sulting in increased interaction during the pandemic. Another reason
could be that a reliance on social media has increased with enforced
social distancing norms during the pandemic, making it easier to send and
receive information.
Interestingly, many participants have not considered hindsight
bias to be influential, with 47% expressing its effect in the case of
their trading activity and 21% in the case of recommendation in-
tentions. This outcome contradicts the findings of our quantitative
study, wherein hindsight was the most prominent after herding. This
result indicates that the belief that they could have predicted the
movement already occurred in some stocks during the pandemic did
not play as significant a role later on in influencing millennials'
trading activity and recommendation intentions, as compared to the
initial phase of the pandemic. A reason behind this could be that
global stock markets scaled new heights quickly after crashing ex-
tensively at the beginning of the pandemic, taking millennials, like
most other investors, by complete surprise. No one could have
predicted or anticipated such a recovery, with the pandemic still
impacting economic activity.
In comparison, although less than herding, most participants agree
that two biases, overconfidence and self‐attribution and representative-
ness, have been influential in impacting their trading activity (nearly 58%
each) and recommendation intentions (42% and 47%, respectively). The
result in the case of overconfidence and self‐attribution indicates that
past knowledge about investing and past successes caused millennials to
buy and sell more stocks as the pandemic progressed. It also made them
feel more confident to make recommendations to others. The gains made
after the markets' recovery could have played a major part in the in-
creased manifestation of this bias.
Similarly, the influential role of representativeness indicates that
as the pandemic progressed, the millennials felt that it was better to
anticipate the movement in future prices based on the past prices of
stock while undertaking trading and recommendation decisions. A
potential reason behind this could be the faster recovery of stocks
that were trading high before the onset of the pandemic, which may
have reinforced the perception that past prices provide a reliable cue
for future movement.
In the case of anchoring, 63% of participants confirmed its in-
fluence on trading activity, and 37% confirmed its influence on re-
commendation intentions. This finding implies that millennials
tended to forecast future stock prices as the pandemic progressed by
focusing more on certain information. This also encouraged many of
them to make recommendations to their social group. Such behavior
is quite understandable since public and media debates have been
spotlighting key sectors and activities that could gain more promi-
nence with reference to the new normal enforced by the pandemic.
These discussions could have attracted the attention of millennial
investors, making them focus on specific information related to
certain stocks and sectors.
Our quantitative analysis had revealed that loss aversion and
mental accounting do not influence trading activity at all and have a
very small effect on recommendation intentions. However, the post
hoc qualitative study indicated that these two biases influenced the
recommendation intentions of a substantial number of participants
(47% and 32%, respectively). In comparison, in the case of trading
activity, 32% of participants indicated the influence of loss aversion,
and 37% confirmed the influence of mental accounting. The influ-
ential role of loss aversion implies that millennials experienced regret
for incurring losses in stocks during the pandemic, which caused
them to consciously focus on avoiding future loss and regret. Such
experience also impacted their recommendation intentions to some
extent. A potential reason behind this could be that some suboptimal
investments made during the initial phase of the pandemic did not
turn out as anticipated, making the millennials experience regret and
subsequently cause loss aversion to influence their decisions as the
pandemic progressed.
In comparison, the influence of mental accounting on trading
activity and recommendation intentions indicates that millennials
exhibited the tendency to make separate investments for different
purposes, such as education, buying a home, travelling, etc., as the
pandemic progressed, and advised others to do the same. A potential
reason behind this could be the personal experience of a reduction in
income, the loss of a loved one, or the general environment of in-
security prevailing during the pandemic that could have made mil-
lennials seek safety and become more risk‐averse.
Finally, in consonance with the results of the quantitative data
analysis, the results of the qualitative data also indicated that over‐
optimism bias does not have much effect on trading activity and
recommendation intentions, with only 26% of participants
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confirming its influence on trading activity and only one participant
indicating its influence on his recommendation intentions. This im-
plies that millennials do not think it is better to focus on good news
only while trading or making stock recommendations during the
pandemic. A potential reason behind this could be the milieu in which
the millennials have grown, wherein they have been exposed to
multiple aspects of any event and know better than to focus on
limited factors while making any decision.
In addition, a comparison between Tables 8 and 9 indicates that
the biases play a more prominent role in influencing trading activity
than their influence on millennial investors' recommendation inten-
tions. This is consistent with the findings of our quantitative analysis.
6.3 | Theoretical implications
The study makes five theoretical contributions: First, it answers the re-
search call to empirically examine the impact of behavioral biases on
retail investors' stock market behavior, thereby underscoring the im-
portance of behavioral finance and the related asset pricing models
(Sharma & Kumar, 2019). In addition, the empirical findings of our study
are based on data collected through a primary survey, an approach that
has seldom been used to examine biases (Shantha, 2019). Furthermore,
although behavioral finance has emerged as a key part of mainstream
finance to explain biases that impact investment decisions (Baker &
Nofsinger, 2010), past studies have focussed more on the existence of
biases and their association with financial decision‐making/investment
decision‐making in general (e.g., Costa et al., 2017). In comparison, a
specific focus on trading activity and recommendation intentions has
remained under‐explored, even though trading activity in the form of
buying and selling can affect prices and subsequently cause market vo-
latility (Daniel et al., 1998). At the same time, the recommendations of
peers and social groups can cause retail investors to make misjudge-
ments and make suboptimal decisions that can adversely affect their
investment portfolios. Clearly, understanding the drivers of both trading
activity and recommendation intentions is very critical. Notably, this is
the first study to empirically examine recommendation intentions as the
outcome of behavioral biases, even though recommendations and mutual
consultations are quite popular in practice. Thus, by revealing the impact
of biases on retail investors' trading activity and recommendation in-
tentions, our study generates useful insights to explain irrationalities, as
represented by biases, that can affect stock prices and lead to market
inefficiency (Daniel et al., 2001). In sum, our findings strengthen the
accumulated knowledge available for the reference of key stakeholders
by exploring novel associations. More importantly, the continued per-
sistence of most biases with the advancement of the pandemic, as re-
vealed by our qualitative study, indicates that they were not manifested
under the impact of the fear and panic incited by the pandemic alone;
rather, these biases are a deeper part of investors' psyche, making them
all the more critical to examine and understand.
Second, our choice of millennials as the target segment yields new
theoretical findings related to biases and their effect on trading ac-
tivity and recommendation intentions. The insights related to
millennials are quite important since they represent a group that is
likely to remain active in the market for a long time (Dimock, 2019). In
addition, an enhanced understanding of their behavior can be useful
for future research in the area. The focus on millennials as the target
group is also in concordance with the growing trend of examining
consumer behavior in the context of generational cohorts (e.g., Lissitsa
& Kol, 2019). Moreover, scholars and investment consultants world-
wide have noted certain aspects of the milieu in which millennials have
grown that makes them and their financial decision‐making a sig-
nificant consideration. For instance, according to a survey from asset
manager BlackRock, millennials save more than Baby Boomers in the
United States and have become more interested in investing during
the past few years (Chen & Howard, 2020). This makes them an im-
portant segment to examine since their decisions and biases can im-
pact market volatility. In the specific context of this study, a report
published by Deloitte in 2018 revealed that Nordic millennials, in-
cluding Finns, invest more than their generational counterparts in
other countries (Deloitte, 2018). Therefore, our findings explicating
their behavioral biases can be of use to multiple stakeholders. Fur-
thermore, being the digital natives that they are, millennials tend to
use technology‐based approaches and social media tools to make their
investment decisions and remain connected. Due to this, they are in a
position to influence the investment decisions of others as well.
Third, our study captures retail investor behavior during the COVID‐
19 pandemic, a crisis that has placed the economic and social structures
worldwide under severe stress (S. Baker et al., 2020). Since the prices of
stocks are considered to move in response to several anticipated, un-
anticipated, and unknown factors, academic research has continually
examined various aspects of financial markets, including investor beha-
vior, to evaluate the impact of a variety of events. The ongoing thought
process is to have accumulated learnings based on the investigation of
dynamic factors, which would help formulate strategies, design educa-
tional courses, develop risk‐hedging products, and so on. The pandemic is
another interesting context in this regard since it represents a crisis and
an extrinsic stressor. By explicating investor behavior in the presence of
such extrinsic stressors beyond the control of individuals, firms, and
regulators, our study provides useful theoretical insights that can serve
as the basis for predictive modelling to forecast the related outcomes in
future crisis events.
Fourth, since heuristics offer a way of simplifying the decision‐
making process in a dynamic environment, one way to prevent the
influence of biases is to develop algorithms that can be applied un-
emotionally and with ease, as discussed by Otuteye and Siddiquee
(2015). The findings of our study can thus serve as a basis for de-
veloping such algorithms by researchers in the area.
Lastly, the study contributes to methodological advancement in
the area by applying an advanced data analysis technique, ANN,
which addresses the deficiencies of the popular structural path
analysis methods' specific data‐related requirements. At the same
time, ANN is not challenging to apply since it is a part of SPSS and is
a well‐recognized, albeit less used, method. Moreover, ANN is ac-
knowledged to be a suitable prognostic method to analyze data in
situations where other statistical tools are not applicable (Stangierski
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et al., 2019). The key advantages of this method are its ability to
learn through a training process, its fault tolerance, its versatility in
analyzing nonlinear data, and its ability to generate optimal results
through updating weights continuously (Goyal & Goyal, 2012). This
intelligence, inspired by the human brain and biological neurons,
makes ANN a more robust choice for analyzing nonlinear data as
compared to nonlinear structural equation modelling.
6.4 | Practical implications
The study findings offer five practical inferences for regulators, millen-
nials, and firms. First, from the regulatory perspective, the confirmation
of the existence of behavioral biases among millennials indicates a need
for investor education efforts directed towards this generation to reduce
such biases. This is important since biases lead to irrational decisions,
which can potentially cause losses in retail investors' equity portfolios. It
is also important to address these biases since various stock market
bubbles and depressions that have harmed the interests of individuals
and economies have been attributed to investor irrationality and senti-
ment (Shiller, 2003). Furthermore, the findings of our study provide in-
puts for formulating and revising investor protection policies, in line with
the past contributions in the area (e.g., Thaler & Sunstein, 2009).
Second, by uncovering the effect and relative importance of key
behavioral biases influencing the trading activity and recommenda-
tion intentions of retail investors, our study provides useful in-
formation for firms offering investment advisory services to such
investors. Knowing the effect of behavioral biases on investors' de-
cisions can help these firms offer advice in line with their expecta-
tions, perceptions, and thought processes. This is particularly crucial
since most countries have some guidelines for investor protection,
which mandate that potential investors should be offered investment
products aligned with their objectives and risk appetite, as also dis-
cussed by scholars (e.g., S. Talwar, 2016).
Third, from the perspective of the millennials themselves, the
study reveals the presence of behavioral biases that can affect their
trading activity and recommendation intentions irrationally, which, in
turn, can adversely impact their equity returns (Sharma & Kumar,
2019). Since, more often than not, these biases manifest sub-
consciously, awareness about their role can guide retail investors to
consciously try and overcome them and be as rational as possible in
their investment‐related decision making.
Fourth, the findings of our study can help firms and academics
engaged in retail investor education and training to design useful
and effective content, courses, and programs. In addition, in-
formation about biases that influence investment‐related decision‐
making and the efforts of trainers to overcome such biases can
enhance millennials' financial sophistication and make them ap-
preciate the benefits of diversification, thereby helping to increase
the robustness of markets. In this regard, it is important to note
that the existing scholarship has contended that sophisticated in-
vestors are less likely to manifest these biases (e.g., Boolell‐Gunesh
et al., 2012).
Lastly, our findings with the COVID‐19 pandemic as the context
provide insights for policymaking, investor education, and the strength-
ening of the financial system in preparation for future challenges. As a
result, all stakeholders can be better fortified to deal with crises in the
future, which can ultimately help reduce losses for investors at an
individual level and volatility in the market at an aggregate level. For
instance, the finding that herding has the highest relative influence on
trading activity during a crisis can be used to educate retail investors in
strategies, such as asset allocation, to counter such bias. In more specific
terms, the findings of the present study can be used to prepare simula-
tion software for training, through which the retail investors can then be
exposed to simulated health or other crises/disasters wherein they can
practice strategies that can counter the effect of behavioral biases. Such
training imparted regularly can prepare retail investors to make more
informed trading decisions when faced with any crisis.
7 | CONCLUSION, LIMITATION, AND
FUTURE RESEARCH AREAS
The present study investigated the influence of behavioral biases on
millennials' trading activity and recommendation intentions during the
COVID‐19 pandemic through two research questions, which queried
about the predictive capacity of the selected behavioral biases,
namely, overconfidence and self‐attribution, hindsight, representa-
tiveness, anchoring, mental accounting, loss aversion, and herding on
trading activity and recommendation intentions of millennials during a
pandemic. To address these questions, we applied the ANN approach
to analyze data collected from 351 millennials in Finland. Thereafter,
we conducted a post hoc qualitative study to examine if the biases
that manifested at the pandemic's beginning persisted as it advanced.
The findings of the empirical analysis revealed that herding, hindsight,
overconfidence and self‐attribution, representativeness, and anchor-
ing influence both trading activity and recommendation intentions, but
to a varying degree, with the values of influence being higher for
trading activity and only anchoring having a negative influence. In
comparison, loss aversion and mental accounting influence only re-
commendation intentions to a very small extent as well, with loss
aversion having a negative influence. Furthermore, the relationship of
the two endogenous variables is nonlinear with herding, representa-
tiveness, and anchoring and is linear with the rest.
The findings of the post hoc qualitative study indicate that most
biases observed at the beginning of the pandemic continue to manifest
with its advancement, giving us a reason to contend that they were not
manifested under the influence of panic caused by the crisis alone. Ra-
ther, they are an ingrained part of the psyche of millennial investors.
7.1 | Limitations and future research areas
The contribution of our study needs to be evaluated in light of three
limitations: First, our study is based on a cross‐sectional data col-
lection approach that may allow for certain respondent‐related
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biases to manifest. Being aware of this issue, we followed the laid
down processes to minimize the self‐response biases, thereby in-
creasing the robustness of the results. We also conducted a post hoc
qualitative study to evaluate the implications of our findings. Second,
we collected the data for analysis from only one country, which
might restrict the broader generalizability of the findings. Never-
theless, our study being the first to investigate millennials in the said
context contributes by laying a basis for future replication studies in
various geographies to provide the regulators and firms with re-
levant decision‐making inputs. Lastly, our study is focused on a
narrow sample of male millennials that might again restrict the
generalizability of the findings to a broader population. However,
since gender differences have been acknowledged to impact the
manifestation of biases (S. Kumar & Goyal, 2016), we consciously
decided to base our analysis on an all‐male sample. Future re-
searchers can expand the findings of our study by testing the influ-
ence of gender and other demographic variables of behavioral biases
of millennials, as suggested for investors, in general, by prior studies
(e.g., Ates et al., 2016; Tekçe et al., 2016). Furthermore, future re-
searchers can test biases, such as moods, cognitive dissonance, and
so on, by referring to Montier's (2002), Pompian's (2011), and other
classifications.
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